Designing an effective conservation strategy requires understanding where rare species are 10 located. Although species distribution models are primarily used to identify patterns at large 11 spatial scales, their general methodology is relevant for predicting the occurrence of 12 individual species at specific locations. Here we present a new approach that uses Bayesian 13 networks to improve predictions by modelling environmental co-responses among species. 14 For species from a European peat bog community, our approach consistently performs 15 better than single-species models, and better than conventional multi-species models for rare 16 species when calibration data are limited. Furthermore, we identify a group of "predictor 17 species" that are relatively common, insensitive to the presence of other species, and can be 18 used to improve occurrence predictions of rare species. Predictor species are distinct from 19 other categories of conservation surrogates such as umbrella or indicator species, which 20 motivates focused data collection of predictor species to enhance conservation practices.
INTRODUCTION
Species distribution models (SDMs) are widely used in ecology to predict the geographical ranges 23 of individual species 1-5 , and multiple SDMs can be interpreted together to estimate the composition 24 of an ecological community at a particular location [6] [7] [8] . SDMs are also used to aid in the 25 conservation of rare species that occur at relatively few locations compared to other species in the 26 community 9-11 . Because rare species often have specialized habitat preferences 12 and are harder to 27 detect 13 , protecting areas where rare species are known to occur or, more realistically, are expected 28 to occur, is critical for preserving the Earth's biodiversity 14 . However, protecting the wrong areas 29 due to model inaccuracy is a costly mistake that does little to promote the survival of rare and 30 threatened species 15 . 31 Thompson 3
The growing desire and potential for SDMs to make predictions at smaller spatial scales 32 has led to an integration of ideas from macroecology and community ecology 16, 17 . Ecologists 33 initially made predictions using environment-only SDMs that included only abiotic variables like 34 temperature and rainfall 18 , but soon recognized that incorporating dependencies among species 35 was necessary to explain empirical distribution patterns [19] [20] [21] [22] [23] [24] . Recent work has explored a variety 36 of approaches to modelling such dependencies in SDMs [25] [26] [27] [28] [29] , and a simple yet successful strategy 37 involves including the presence or absence of non-focal species as independent variables in 38 generalized linear models (GLMs) 30, 31 and maximum entropy models 32 . However, this strategy has 39 not always improved results; for example, predictions for rare species from a British plant 40 community were less accurate with multi-species models than with single-species versions of two 41 machine-learning methods 33 . A more comprehensive approach to modelling shared environmental 42 co-responses involves joint species distribution models 34, 35 , but calibrating these models requires 43 species co-occurrence data that can be time-consuming and labor-intensive to collect. Bayesian 44 networks (BNs) offer a balanced approach to modelling how the presence of a focal species is 45 affected by the presence or absence of other species 17 . When applied to an ecological community, 46 a BN adjusts "prior" probabilities of species occurrence from environment-only models to produce 47 "posterior" probabilities that also reflect the effect of biotic interactions and other interspecific 48 relationships among species. 49 Here our goal is to improve assessments of species occurrence at specific locations, 50 especially for rare species, by including information on environmental responses in SDM-like 51 predictive models. We compare the performance of three types of model: (i) environment-only 52 GLMs ("eGLM"); (ii) multi-species GLMs that include the presence or absence of non-focal 53 species as additional independent variables ("sGLM"); and (iii) a new approach that combines 54 Thompson 4 probabilities from the eGLM with a BN that represents strong environmental co-responses among 55 species ("eGLM+BN"). We compare these three models to an approach based on joint species 56 distribution modelling that provides an upper bound to model accuracy because it requires much 57 more input data for calibration. We test models using data on 54 plant species from a European 58 peat bog community at 56 locations 36 . We find that the two multi-species models consistently 59 outperform the eGLM, with the eGLM+BN able to produce accurate predictions even with limited 60 calibration data. Based on a BN for the peat bog community, we identify a group of "predictor 61 species" that are useful for improving predictions of rare species occurrence. We suggest that 62 predictor species could function as conservation surrogates if a stated aim is to establish 63 geographical distributions of rare species. To this end, predictor species complement existing 64 categories of conservation surrogates such as umbrella species (typically found at many 65 locations 37 ) and indicator species (typically found at locations with high species richness 38 ), which 66 are less suitable for informing spatial distributions of regional biodiversity 39 .
67

METHODS
68
Data 69 We tested our approach using data on a peat bog community of 54 plant species at 56 locations 70 across Europe 36 . Data included abundance records for each plant species and bioclimate data for 71 each location. Of nine available bioclimate variables, we included four in generalized linear 72 models: mean annual temperature, mean annual precipitation, latitude and temperature seasonality 73 (seasonality being the difference in a property between the warmest and coolest month in a given 74 year). These four variables had the highest average correlations with species occurrence (Appendix 75 S1: Table S1 ) and were not highly correlated with each other (Appendix S1: Table S2 ). Because 76 our goal was to develop models for predicting the occurrence of individual species at specific 77 locations, we converted species abundances at each location to a binary presence-absence measure 78 (any species with an abundance over 0 was considered to be present) to use as a dependent variable 79 for calibrating and testing models. 80 Modelling occurrence predictions using only environmental variables (eGLM) 81 We used generalized linear models 40,41 to create environment-only predictions for the plant species 82 in the peat bog community. The eGLM included only bioclimate data as independent variables, 83 with the presence or absence of the focal species at a specific location as the dependent variable:
where is the presence or absence of species i at location j; and is mean annual temperature, 86 is mean annual precipitation, is temperature seasonality, and is latitude, at location j. We 87 used a logit link function between independent and dependent variables.
88
Estimating environmental co-responses among species 89 To develop models that incorporated the occurrence of non-focal species into co-occurrence 90 predictions, we constructed a correlation matrix outlining the strength of all the interspecific 91 relationships in the peat bog community. First, we computed the Pearson correlation between the 92 presence or absence of each pair of species across the 56 locations. The result was a symmetric 93 54-by-54 species correlation matrix with ones on the leading diagonal. We then set the ones on the 94 leading diagonal to 0 and specified a threshold value to convert all off-diagonal entries to 0, 1, or 95 -1, depending on whether the correlation was above the threshold value and positive or negative. 96 We used 0.35 as the threshold value because it represented a point of inflection in the resulting 97 number of nonzero entries in the transformed correlation matrix (Appendix S1: Fig. S1 ). The 98 Thompson 6 transformed correlation matrix had a total of 184 nonzero entries (130 positive and 54 negative), 99 and only 7 of the 54 species did not have a non-zero entry with any other species in the community. 100 Modelling environmental co-responses among species as independent variables (sGLM)
101
The sGLM included the occurrence of non-focal species as additional independent variables: include the occurrence of non-focal species as additional independent variables (e.g., sGLM), the 113 BN is applied as a separate, secondary step after environment-only models. We based the BN in 114 the present study on the above correlation matrix of environmental co-responses among species. 115 In this application, occurrence probabilities from the eGLM, so-called "prior" probabilities, are 116 combined with the BN to obtain "posterior" probabilities that reflect environmental co-responses 117 among species. 118 Thompson 7
The BN must be a directed acyclic graph, meaning that directed edges representing 119 conditional dependencies point from one species to another and, there is no way of returning to a 120 species by following a sequence of directed edges originating from that species 17 . To satisfy these 121 criteria, we implemented a hierarchy for the 54 species such that directed edges point from species 122 higher up in the hierarchy to those lower down. We used a hierarchy based on species abundance 123 (aggregated across the 56 locations), with directed edges pointing from more abundant species to 124 less abundant species. Starting with the transformed correlation matrix, we removed any non-zero 125 entries associated with edges that pointed from a less-to more-abundant species. The result was a 126 BN with 65 positive and 27 negative conditional dependencies involving 47 of the 54 species 127 (Appendix S1: Fig. S2 ). We used the Boolean "OR" rule to determine how prior probabilities from 128 the eGLM are converted to posterior probabilities when a species has multiple conditional 129 dependencies in the BN 17 (see Appendix S1: Fig. S3 for a description and worked example of the 130 Boolean "OR" rule).
131
Evaluating model performance 132 We evaluated the effect of data availability on model performance by using a fraction of the 133 empirical data in a training partition to calibrate models and the remaining data in a test partition 134 to measure predictive accuracy. We considered three proportions of training and test partition 135 sizes: 25% training and 75% test, 50% training and 50% test, and 75% training and 25% test. We 136 ran 1000 randomizations of data for each proportion. We measured the predictive accuracy of each 137 model using the area under receiver operating characteristic curve (AUC) method, which measures 138 the ability of an SDM to discriminate between known species presences and absences 42 . We also 139 considered true skill statistic (TSS 43 ) but found it resulted in such high variability between 140 Thompson 8 randomizations (Appendix S1: Fig. S4 ) that we were not as easily able to distinguish between 141 models as with AUC. 142 To obtain an upper bound to model performance, we modified the joint species distribution Table S3 of Appendix S1.
162
Identifying co-responsive species 163 Thompson 9
We identified a group of species whose occurrence predictions were greatly improved by the 164 addition of the BN. We measured the overall benefit the BN added to environment-only models 165 using ΔAUC, which we defined as the difference in AUC scores between the eGLM and the 166 eGLM+BN for an individual species when data were partitioned into 50% training and 50% test. 167 We ran 10 sets of 100 randomizations, considering species with ΔAUC above 0.08 in at least 9 of 168 the 10 sets to be "co-responsive species" (Appendix S1: Identifying predictor species 180 We identified a group of "predictor species" that had a strong effect on the occurrence probabilities 181 of co-responsive species. We defined predictor species as (i) species with multiple outgoing BN 182 edges directly connected to co-responsive species or (ii) species with any outgoing BN edges 183 directly connected to the first set of predictor species. 184 We compared this set of predictor species to umbrella 37 and indicator 38 species from the 185 peat bog community to gauge the extent of overlap between the three groups. Here, we defined 186 Thompson 10 umbrella species as species that occurred at 42 (75%) or more of the 56 locations and indicator 187 species as species that, on average, occurred at locations with at least 20 plant species. We chose 188 20 as a cut-off because only 15 locations (26.8%) satisfied this criterion. 189 We measured the collective effect of predictor species by computing AUC scores for the 190 eGLM+BN with a partial BN containing only edges among co-responsive and predictor species. 191 As with the original BN, we ran 1000 samples with 25%, 50% and 75% training data, then 192 compared ΔAUC values between partial and full BNs for each co-responsive species. 194 Predicting species occurrence at specific locations 195 We found that modelling environmental co-responses with both multi-species models consistently The eGLM+BN improved predictions for almost every species in the peat bog community. 208 We focused further analysis on this model to better understand its increased prediction accuracy 209 with limited amounts of calibration data compared to the eGLM and sGLM. Aside from the 14 210 species without any incoming BN edges (by definition the BN does not modify predictions for 211 these species), ΔAUC values were positive for all but 6 species; the remaining 40 species had an 212 average ΔAUC value of 0.040 ± 0.041 (mean ± standard deviation), and only 5 of these species 213 had ΔAUC values below 0.01.
193
RESULTS
214
Characterizing co-responsive species whose occurrence patterns are strongly influenced by 215 other species
216
Of the 54 species from the peat bog community, we identified 6 species with ΔAUC values 217 consistently above 0.08, indicating that the eGLM+BN was particularly effective at improving 218 predictions for these species. We used boosted regression tree analysis 45, 46 to investigate the shared 219 properties of these co-responsive species. We found that rarity had the highest relative importance 220 value of the 6 properties we considered (Table 1 ). This result suggests that co-responsive species 221 are characterized as being rare-indeed, they occurred at an average of only 11.6% of the 56 222 locations, compared to the community-wide average of 34.1% (We explored whether this finding 223 may have arisen due to our use of an abundance-based hierarchy to specify the direction of BN 224 edges, but further analysis showed that this choice of hierarchy was not responsible for the result 225 that co-responsive species are typically rare species; see Supplementary Information.). Five of the 226 six co-responsive species were particularly rare (occurring at less than 15% of the 56 peat bog Characterizing predictor species that improve occurrence predictions of other species 232 We identified 8 predictor species that had a strong effect on the occurrence probabilities of co- We showed that modelling environmental co-responses among species from a European peat bog 261 community improved the predictions of rare species. Based on a BN for the peat bog community, 262 we identified two groups of species: co-responsive species that are typically rare and whose 263 occurrence depends on the presence or absence of other species in the community, and predictor 264 species that are more common and can be used to improve predictions of rare species. We analyzed 265 a partial BN of only co-responsive and predictor species and found that this highly connected sub-266 network accounts for almost all the performance of the original BN. This finding suggests that 267 only a small fraction of species and interspecific relationships, particularly those involving 268 predictor species, need to be sampled to improve predictions of multiple rare species in an 269 ecological community using our approach. The difference between the sGLM and eGLM+BN is most prominent with rare species, 290 whose environment-only model parameters may be especially unreliable due to the difficulty in 291 finding locations at which they are known to be present. The sGLM is likely more sensitive to this Table   305 S3 of Appendix S1 for a summary of data requirements for each model). Although using a 306 Bayesian network with our simple assumptions about conditional dependencies can sometimes 307 lead to unrealistic conditional probabilities (i.e., a probability of occurrence of 1 or 0 given the 308 presence or absence of another species), such assumptions are unavoidable in a model that seeks 309 to use as little data as the eGLM+BN. Besides the potential for the model to incorporate greater 310 biological realism (which would hopefully reduce the frequency of these extreme predictions), 311 discussed below, we argue that some lack of realism is permissible from a practical standpoint 312 because it results in improved predictions compared to the eGLM (and for rare species and when 313 data are limited compared to the sGLM). In many ways, it is remarkable that the eGLM+BN and 314 sGLM get as close as they do to the performance of the JSDM-inspired approach. Overall, we 315 consider the models in this study as offering a range of options to inform conservation decision-316 making.
317
Although the improved predictions produced by the eGLM+BN and sGLM both result 318 from modelling interspecific relationships, each model may be better suited to describing different 319 Thompson 16 types of interspecific relationship. This expectation is realized as differences between the two 320 models in species-level improvements in AUC over the eGLM (Appendix S1: Table S6 ). Some 321 pairs of species may simply occur in a similar set of locations due to shared habitat preferences (or 322 in a mutually exclusive manner due to different habitat preferences) in ways that are not described 323 by the particular bioclimate variables included in the eGLM. In other words, we could attribute 324 some predictive improvement resulting from multi-species models to more selective, hard-to- 325 identify habitat preferences that are shared between species. predictor species. Notice that each group has a similar number of species but very few species 533 belong to more than one group. 534
